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Abstract

Large networks, having thousandsf verticesandlines,canbefoundin mary different
arease. g. genealogiesflow graphsof programsmolecule,computernetworks, trans-
portationnetworks, socialnetworks, intra/interorganisationahetworks ... Many standard
network algorithmsarevery time andspaceconsumingandthereforeunsuitablefor analy-
sisof suchnetworks. In thearticlewe presensomeapproachew analysisandvisualisation
of large networksimplementedn programPaj ek. Sometypical examplesarealsogiven.

Intr oduction

Paj ek (Sloveneword for Spider)is a program.for Windows (32 bit), for
analysisof large networks It is freely available,for noncommercialise,
atits homepage:

http://vlado.fnf.uni-Ij.si/pub/ networks/pajek/

Large networks can be found in mary differentareas. Usually they are producedauto-
matically, usingcomputersfrom differentdatasourceghatarealreadyavailablein computer
readabldorm. For example:

large genealogieggenealogie®iaving some10.000 people[21]), TheoreticalComputer
ScienceGenealogy(1.882 persong30]);

networksderivedfrom dictionariesandothertexts (charactemutation/insertiondeletion
network on 52.652 Englishwords[24]);

transportatiometworks (Americanairlineswith 332 airports[31]);
large molecule(moleculehaving thousand®f atoms,e. g. DNA [28]);

communication networks: links among pages or seners on Internet, usage of
Usenef29], phonecalls[20];
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Figurel: Goals.

e flow graphsof programg15];

e bibliographies, citation networks [9, 7], Erdos graph (network with 5.822 co-
authorq18)), ...

Suchnetworks cannotbe treatedefficiently using standardnetwork analysistools which are
mostly basedon matrix representatioandarethereforelimited to networks of moderatesize
(sometensor hundredsf verticesat most).

Themaingoalsin thedesignof Paj ek are(seeFigurel):

e to supportabstractionby (recursve) factorizationof alarge network into severalsmaller
networksthatcanbetreatedfurtherusingmoresophisticateanethods;

e to provide theuserwith somepowerful visualisationtools;

e toimplementaselectionof efficientalgorithmsfor analysisof large networks.

Oneof theapproachet supportabstractions: find clustergcomponentspeighbourhoods
of 'central’ verticescores,...) in anetwork, extractandshowverticesthatbelongto the same
clustersseparatelypossiblywith the partsof the contect (detailedlocal view), shrink vertices
in clustersandshaow relationsamongclusters(globalview).
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Figure2: USA presidentgenealogy
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Figure3: ShortespathbetweerFranklinDelanoRoos\elt andGeoge HerbertWalker Bushin
USA presidentgienealogy

Tablel: Time compleities of algorithms(Pentium/64M/90MHZz).

T(n) 1.000 10.000| 100.000 1.000.000
Shufle O(n) 0,00s 0,015s 0,17s 2,22s
Quick Sor O(nlogn) | 0,00s 0,00s 0,40s 5,14s
HeapSort O(nlogn) | 0,00s 0,06s 0,98s 14,35s
InsertionSort|  O(n?) 0,07s 7,50s | 12,5 min | 20,83 hours
XY O(n®) 0,10 s| 1,67 min 1,16 d| 3,17 years

2 Efficient algorithms for large networks

TimeT'(n) andspaceS(n) compleities of analgorithmareestimateof thetime andmemory
spaceneededo runit oninstance®f sizen (in our case- numberof verticesor lines).

In mostlarge networksthe numberof linesm is of the sameorderasthe numberof vertices
—O(n) oratmostO(n logn) (suchnetworksareconsideredparsenetworks. In thefollowing
we assumehatwe have to analysdarge but sparsenetworks.

Accordingto capabilitiesof nowadayscomputersspacecompleity for storingsparsenet-
worksis not crucialany more. The problemcanbe solvedusingappropriatedatastructuregor
internalrepresentationf data(doublylinkedlists representationf networksis usedin Pajek).

Having muchfastercomputersloesnothelpalot in thecaseof highordertime compleities.
In thetheoryproblemssolvablewith algorithmsof polynomialcompleity areconsiderecasy
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Figure4: ReorderedsnyderandKick’ s world tradematrix.

But, in the caseof large n, in practicealreadyalgorithmsof time compleity of order O(n?)
canbetoo slow (for theinteractve use),whatcanbeseenn the Tablel.

Thereforemostof thealgorithmsimplementedn Paj ek have subquadatic time comple-
ities: O(n), O(nlogn), O(ny/n), or arerestrictedto smallsetsof selectedertices.



3 Data Structures

CurrentlyPaj ek usessix datastructurego implementthe algorithms:

network— mainobject(verticesandlines);

permutation- reorderingof vertices;

vector—valuesof vertices;

cluster— subsebf vertices(e. g. oneclassfrom partition);
partition — tells for eachvertex to which clusterthe vertex belongs;

hierarchy — hierarchicallyorderedclustersandvertices.

The power of Paj ek is basedon several transformationsvhich supportdifferenttransitions
amongthesedatastructures.

Besidests owninputformats,Pajeksupportseveralotherformats:UCINET DL; GED19],
genealogiesanbe readeitherasOre-graphor p-graph[21, 16, 17]; andsomemolecularfor-
mats:BS (Ball andStick), MACQ(Mac Molecule)andMOL(MDL MOLfile).

4  Algorithms

Usingtheabove datastructureghe basicsetof efficientalgorithmswasimplemented1, 24,13,
14], for example:

partitions. degree,depth,core,p-cliques,centers;

binary opefations union,intersectiondifference;
componentsstrong,weak,biconnectedsymmetric[1];
decompositionssymmetric-agclic;

paths shortespath(s) all pathsbetweerntwo vertices[11];
flows maximumflow betweertwo vertices[14];

citation weights PathsCountMethodandSPLCMethod[2];
neighbourhoodk-neighbours;

CPM (Critical PathMethod);

extracting subnetvork;

shrinkingclusteran network (generalizedlockmodeling)4];

reordering topologicalordering,Richardss numbering depth/breadtfiirst search;



Figure5: Cliquedecompositiorof 9-coreof Erdosgraph.



e reduction hierarchysubdvision, degree;

e simplificationsand transformations deletingloops, multiple lines, transformingarcsto
edges..

We candefinean often usedsequencef elementaryoperationsasa macio andrun it as
a singlecommand.Using systemsof macroswe canadaptPaj ek to specialgroupsof users
(analysisof genealogiesshemicalapplications, . .).

Somespecialalgorithmsfor solvingproblemdrom differentareasf network analysisvere
alsoincludedin Paj ek: e. g. algorithmsfor checkingwhethera programis written struc-
turally [15]; simulationof Petrinets[12]; searchindor givenfragments/patternig moleculeor
genealogies.

Specialemphasisvasgivento automaticgeneratiorof network layouts Several standard
algorithmsfor automatigyraphdraving wereimplementedspringembedderbasedn minimi-
sationof the total enegy of the system(Kamada-Kavai [10] and Fruchterman-Reingol{b]),
layoutsdeterminedy eigervectors(Lanczosalgorithm[3, 5]), drawing in layers(genealogies
andotheragyclic structures).

Thesealgorithmswere modified and extendedto enableadditionaloptions: draving with
constraintgoptimisationof the selectedpartof the network, fixing someverticesto predefined
positions,usingvaluesof linesassimilaritiesor dissimilarities),draving in spacePaj ek also
providestoolsfor manualgraphediting

Paj ek supportsseveral outputgraphicformatswhich canbe examinedby special2D and
3D viewers(EncapsulatedPostScript- GSView [25]; VRML — CosmoPlayer [23]; MDL-
MOL —Rasmol [28], Chime [22]; Kinemages- Mage [26]).

5 Examples

In Figure 2 the largestconnectedp-graphcomponentof the Genealogyof the USA presi-
dents[32] is presented. The shortestkinship path betweenFranklin Delano Roos\elt and
GeogeHerbertWalker Bush,determinedisingmacroPath,is displayedn Figure3.

Figure4 represents reorderedmatrix of SryderandKick’s world traderelation(iterative
coredecompositiorwith additionalanalysisof internalstructureof cores).

Thecliqguesdecompositiorfobtainedoy MODEL 2 [27]) of themaincoreof Erddosgraph[18]
is displayedn Figureb5.

Thelastpicture(Figure6) presentsa snapshoof the3D displayby Mage[26] of the Prison
network (from the UCINET dataset).

6 Futureplans

Paj ek isin aconstandevelopment.Thelatestversionis availablefrom its homepageln the
nearfuture we are planningto implementthe following additionaloptions: differentclustering
anddecompositiorproceduressomestatisticqtriad counts) animationandpresentatiorf the
sequencef networks, output formatting, control structuresin macros,planarity testingand
layout.. .



Figure6: Prison3D graph.
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